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The values of the internuclear distances and the dipole moments of 14 small molecules have been estimated by 
machine learning with only molecular orbital energies as the explanatory variables. We use four regression methods, 
partial least square (PLS), random forest (RF), Radial Basis Function Kernel Regularized Least Squares (krlsRadial), 
and Baysian Regularized Neural Networks (BRNN) and we report only BRNN results for the internuclear distances, 
and PLS results for the dipole moments. The coefficients of determination for the internulear distances and the 
dipole moments are 0.9318 and 0.7265, respectively. It has been proved that the internuclear distances and the dipole 
moments can be predicted by the molecular orbital energies only.





























原子分子ClF， HCl， HF， CS， LiF， LiCl， NaF， NaCl， N2， 
NP， SiO， F2， P2， Cl2 の14種類の平衡核間距離および異
核2原子分子，ClF， HCL， HF， CS， LiF， LiCl， NaF， NaCl
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3 結果と考察
機械学習における回帰法としては，partial least square 
(PLS), random forest (RF), Radial Basis Function Kernel 

























Fig.1 Plots of Training and Predicted Values of (a), (b) Internuclear Distances and (c), (d) Dipole Moments. Regressiion Methods are 
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